Automated vehicle acceptance (AVA) is a necessary condition for the realisation of higher-level objectives such as improvements in road safety, reductions in traffic congestion and environmental pollution. On the basis of a systematic literature review of 124 empirical studies, the present study proposes MAVA, a multi-level model to predict AVA. It incorporates a process-oriented view on AVA, considering acceptance as the result of a four-stage decision-making process that ranges from the exposure of the individual to automated vehicles (AVs) in Stage 1, the formation of favourable or unfavourable attitudes towards AVs in Stage 2, making the decision to adopt or reject AVs in Stage 3, to the implementation of AVs into practice in Stage 4. MAVA incorporates 28 acceptance factors that represent seven main acceptance classes. The acceptance factors are located at two levels, i.e., micro and meso. Factors at the micro-level constitute individual difference factors (i.e., sociodemographics, personality and travel behaviour). The meso-level captures the exposure of individuals to AVs, instrumental domain-specific, symbolic-affective and moral-normative factors of AVA. The literature review revealed that 6% of the studies investigated the exposure of individuals to AVs (i.e., knowledge and experience). 22% of the studies investigated domain-specific factors (i.e., performance and effort expectancy, safety, facilitating conditions, and service and vehicle characteristics), 4% symbolic-affective factors (i.e., hedonic motivation and social influence), and 12% moral-normative factors (i.e., perceived benefits and risks). Factors related to a person's socio-demographic profile, travel behaviour and personality were investigated by 28%, 15% and 14% of the studies, respectively. We recommend that future studies empirically verify MAVA using longitudinal or experimental studies.
automated vehicle acceptance. Based on 124 empirical studies, MAVA predicts the acceptance of highly (SAE Level 4) and fully automated (SAE Level 5) vehicles. It adopts a procedural view on automated vehicle acceptance and organises the factors of acceptance at the micro and meso level.
Introduction
Automated vehicle acceptance (AVA) is a necessary condition for AVs to contribute to improvements in road safety, road capacity, reductions in travel time and greenhouse gas emissions. Research on AVA has gained new momentum, creating a need and opportunity to review theories explaining AVA, in order to synthesise a model predicting AVA and to validate this model using empirical studies.
The idea to integrate theories and models from various influential disciplines is not new, and responds to concerns that erroneous and inconsistent conclusions across studies may be derived if a narrow approach (i.e., not studying the influence of a broad range of the factors affecting the outcome variable and their interactions) to study multilevel processes such as AVA is adopted (Alfonzo 2005; Devine-Wright 2008; Stern 2000) . Current studies on AVA have not captured this multi-determination. Instead, they mainly investigate the influence of AVA factors in isolation, and through the lenses of technology acceptance (Hewitt et al. 2019; Kaur and Rampersad 2018; Leicht Chtourou, and Youssef 2018; Madigan et al. 2016; Madigan et al. 2017; Wu et al. 2019; Zhang et al. 2019; Zmud and Sener 2017) . The AVA factors identified by these studies encompass (1) individual characteristics (e.g., socio-demographics and differences in one's own personality; Alessandrini et al. 2014; Haboucha et al. 2017; Lavieri et al. 2017; TNS Opinion and Social 2015) , (2) instrumental domain-specific (e.g., performance and effort expectancy, physical vehicle and service characteristics; , (3) symbolic-affective (e.g., social influence and hedonic motivation; Bansal and Kockelman 2018; Madigan et al. 2016) , and (4) moral-normative factors of AVA (i.e., risk and benefit perception of AVs; Daziano, Sarrias, and Leard, 2017; Kyriakidis, Happee, and De Winter 2015; Moták et al. 2017; Tennant et al. 2016) .
No comprehensive model exists to date that integrates these different research streams on the basis of empirical evidence to explain and predict AVA. Our conceptual model of the acceptance of driverless vehicles (Nordhoff, Van Arem, & Happee 2016) postulates that AVA is a function of instrumental domain-specific and symbolic-affective factors, ignoring moral-normative factors and the multi-level positioning of AVA factors. The present study fills this gap in research and introduces MAVA -the comprehensive multi-level model of automated vehicle acceptance (AVA) -that accounts for AVA's multi-determination aspect. Based on a review of 124 empirical studies, the model summarises the current knowledge on AVA and serves as discussion piece for scholars and practitioners who are invited to critically reflect on the factors identified in the model, as well as the relationships between the included factors.
MAVA explains and predicts AVA of driverless Level 4 (L4) and Level 5 (L5) Automated Driving System (ADS)-Dedicated Vehicles (DVs) in line with the definitions provided by the SAE International (2018) taxonomy. ADS-DVs are often designed without standard user interfaces as input devices for braking, accelerating, steering and transmission, and provide high automation levels (L4 or L5). ADS-DVs will generally not have a driver or operator on board, but temporary control might be provided by a conventional or remote driver (SAE International 2018) . Throughout this article, we refer to L4/L5 ADS-DVs as ADS-DVs. Where L4 ADS-DVs can operate in automated mode on limited road sections, L5 ADS-DVs can operate in automated mode on all publicly accessible roadways (including parking areas and private campuses that permit public access) that are navigable by human drivers (SAE International 2018) .
An important class of L4 ADS-DVs is represented by driverless automated shuttles as hybrid form of individual-public transport that deliver on-demand transport and serve as (last mile) feeder modes to public transport systems (Fraedrich, Beiker, and Lenz 2015) . L5 ADS-DVs might be offered as mobility service operation by taxi companies, or companies that operate a fleet of automated carsharing or ridesharing vehicles on the basis of different parameters (e.g., trip, mile, minute or a combination thereof). Alternatively, they might be individually-owned (Lavieri et al. 2017) . MAVA is constrained to the prediction of AVA of L4/L5 ADS-DVs, and does not cover SAE L2-3 vehicles that are designed to be operated by a human driver during part or all of the trip (SAE International 2018). Thus, MAVA does not address challenges specific to SAE L2-3 such as transitions of control, and drivers' situation awareness and mental workload as the two most important Human Factors constructs determining safe usage of L2-3 automation (De Winter et al. 2014) .
The article is organised as follows. Section 2 describes our methodology to derive the multi-level model through a systematic literature review. Section 3 first presents and motivates the model structure. It describes the model's meso-level capturing the main effects of instrumental domain-specific, symbolic-affective and moral-normative factors in addition to the model's micro-level that unites the individual difference acceptance factors. Finally, concluding remarks and potential implications for future research are presented in Section 4.
Methodology
To perform the literature review, we followed the guidelines of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) (Moher et al. 2009 ). In correspondence to Zhang et al. (2018) , we did not generate or register a protocol.
Information sources and search strategy
To develop a theoretical model that predicts AVA of L4/5 ADS-DVs and explore the determinants of AVA, we thoroughly examined the available Scopus and Web of Science listed peer-reviewed articles up to April 2019. The articles included in the review contained in the title, abstract or keywords any combinations of the following keywords: acceptance, acceptability, perceptions, attitudes, opinions, automated driving, autonomous driving, self-driving vehicle(s), driverless vehicle(s), automated and autonomous vehicle(s). Additional searches were performed using Google and Google Scholar to enlarge the pool of selecting suitable studies into our sample. For consistency, the same keywords were used. The reference lists of all the studies that met the search criteria were reviewed to retrieve other relevant studies. In line with Zhang et al. (2018) , we retrieved all types of studies, including journal publications, articles from conference proceedings, theses, reports, posters and presentation slides. This enables the identification of grey literature records and minimises publication bias.
Study selection and data extraction
In the first stage, we retrieved 1537 potentially-relevant full-text records, which were further reviewed for eligibility. We removed 637 duplicate records, and 776 records which did not fulfil our search criteria. Instead, they investigated different types of technologies (e.g., autonomous underwater, micro air, mining and urban land vehicles, automated highway systems, planes and driverless trains), SAE Levels 1-2 where the interaction with the human driver is prominent, or technical, legal, ethical and policy-related aspects of autonomous vehicles. We also excluded review-based studies, which already discussed the results of some of the studies that met our eligibility criteria. 124 records were thus retained in the qualitative analysis in the final stage.
Analysis
Following the procedure presented in , we counted how many studies investigated specific AVA factors. Multiple entries of an AVA factor by the same study equaled a frequency of 1. AVA factors that were investigated by fewer than five studies were not included in the model.
Theoretical model
Before presenting MAVA, it is important to introduce the underlying theories and assumptions that provide the basis for the model. In correspondence to Kaur and Rampersad (2018) , who draw upon the literature on technology adoption and driverless cars to review key factors in the adoption of driverless cars, we synthesised the factors identified by technology acceptance models in conjunction with our findings from the AVA literature.
The first theoretical framework that provides the structural foundation for MAVA is the UTAUT3 proposed by Venkatesh, Thong, and Xu (2016) as a result of a critical review of research studies that applied, extended or integrated the former UTAUT1 and UTAUT2 models (Venkatesh et al. 2003; Venkatesh et al. 2012) . The UTAUT3 distinguishes between individual-level contextual factors (i.e., individual, technology and task attributes and events), higher-level contextual factors (i.e., environmental, organisation and location attributes) and a baseline model that is formed by the main effects of the UTAUT2 model. The strength of the UTAUT3 is its holistic and comprehensive overview of the possible factors impacting technology acceptance, which corresponds with our objective to build a comprehensive model to predict AVA. We follow the proposition of Venkatesh, Thong, and Xu (2016) and locate potentially relevant determinants of AVA at two levels: meso and micro. The meso-level represents the main effects of instrumental domain-specific, symbolic-affective and moral-normative aspects of AVA. In line with our propositions in Nordhoff, Van Arem, and Happee (2016) , we also assume interrelations between the factors forming the domain-specific, symbolic-affective, and moral-normative part of the model. The micro-level captures individual difference factors.
The second theoretical foundation of MAVA is the Car Technology Acceptance Model (CTAM) to predict the acceptance of in-car technology introduced by Osswald et al. (2012) .
The CTAM posits that in-car technology acceptance is associated with the UTAUT1 constructs (i.e., performance and effort expectancy, social influence and facilitating conditions) along with further factors such as the perceived safety. 1 MAVA adopts a process-oriented view on AVA, which is supported by the literature on technology acceptance and new mobility concepts (Bagozzi and Lee 1999; Endsley 1985b; Meijkamp & Theunissen 1996; Rogers 1983; Schwarz et al. 2014) . We build upon these ideas and propose a four-stage-decision-making model capturing the information processing steps behind the adoption or rejection of ADS-DVs, illustrated in Figure 1 .
We posit that this process starts with the exposure of the individual to ADS-DVs in Stage 1 by the communication about ADS-DVs by an external stimulus (e.g., word-of-mouth communication from family or friends, advertising, media or test ride), or an internal change such as being aware of a problem or perceiving a need. The outcome of Stage 1 can either be a resistance or rejection of ADS-DVs or an interest to explore ADS-DVs. In the latter case, the individual moves to Stage 2, leading to a favourable or unfavourable attitude towards ADS-DVs on the basis of the evaluation of the instrumental domain-specific, symbolic-affective and moral-normative characteristics of ADS-DVs. In the next stage (Stage 3), the individual makes the decision to either use or reject ADS-DVs, or remains undecided. In the last stage (Stage 4), the individual puts ADS-DVs into use, e.g., by using ADS-DVs as part of a carsharing or ridesharing scheme, or as feeder to public transport systems. Figure 1 . multi-level model to explain and predict aVa (maVa). Note: The individual difference factors at the micro-level influence the factors at the meso-level directly or indirectly through a mediator or moderator effect. We also assume interrelations between the factors forming the domain-specific, symbolic-affective, and moral-normative part of the model.
MAVA organises the factors of AVA hierarchically in line with Maslow's (1954) hierarchy of human needs. As shown in Figure 1 , the evaluation of fundamental and basic instrumental domain-specific aspects of ADS-DVs (Stage 2-1) precedes the symbolic-affective (Stage 2-2) and moral-normative appraisal (Stage 2-3) of ADS-DVs. In other words, individuals will first try to realise the fulfilment of basic and fundamental domain-specific aspects of ADS-DVs before they aim for the realisation of higher-level symbolic-affective and moral-normative factors of AVA. The relevance of fundamental domain-specific aspects of ADS-DVs corresponds with the literature on road vehicle automation. For example, the system dynamics model to simulate the innovation diffusion of AVs proposed by Nieuwenhuijsen et al. (2018) posits that the attractiveness of AVs is determined by safety and comfort, which are domain-specific aspects of ADS-DVs. Note that in line with the limitations of Maslow's (1954) hierarchy of human needs and Endsley's (1985b) process model on the implementation of technological change, the evaluation of ADS-DVs does not have to proceed in a linear order where each stage in the model is a necessary condition for entering the subsequent stage. Instead, the sequence can also be dynamic and occur in a non-linear, unsystematic or parallel fashion, where individuals skip stages, jump between stages, or process each stage simultaneously.
Literature study results at micro-and meso-level
From the 124 studies that were included in the literature study, we selected 28 factors in MAVA. As shown in Table 1 , these 28 factors form 7 classes: As the main objective of MAVA is to investigate AVA at the individual level, we discarded the factors 29-34 at the macro-level: 2 social influence: equivalent to subjective norm, prestige, image 18 9. moral-normative system evaluation Perceived benefits: higher productivity due to engagement in non-driving related activities, benefits for the environment (e.g., reduction of fuel consumption, emissions and traffic congestion, lower vehicle ownership), increased mobility independence and freedom for the elderly, disabled and others, no need for driver license/to spend time and cost on learning how to drive, easier, quicker and less expensive parking, lower repair costs (in case of less accidents), increased jobs, lower insurance premiums 55 10. Perceived risks: legal liability of drivers or owners, data privacy (location and destination tracking), loss of driving skills and pleasure, interacting with manually controlled cars, pedestrians and bicyclists, lack of assistance for disabled riders/passengers, affordability, traffic delays, ethical/social consequences (job losses, social isolation, loss of human element)
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• Attitude towards using AVs • Negative emotions Finally, we omitted factors 37-42 that were mentioned by fewer than five studies:
• Table 1 presents the extracted factors 1-28 at the micro-and meso-level, their meaning, and the number of studies investigating these factors. Figure 2 provides a pie diagram showing the seven main acceptance classes and their corresponding twenty-eight acceptance factors.
Meso-level

Exposure to AVs: knowledge and experience
Various authors have investigated individual's level of knowledge of and experience with AVs (e.g., Spurlock et al. 2019) , and supported the notion that AVA is a function of an individual's knowledge of and experience with AVs (e.g., Bennett et al. 2019; König & Neumayr 2017; Penmetsa et al. 2019; Sener et al. 2019) . We generally assume that the effect of experience on AVA depends on whether the experience was positive or negative. Tennant et al. (2016) found that the more the respondents reflected on AVs, the more positive they became, and that people using in-car automated technology (e.g., Cruise Control) were more open to accept AVs. In the same vein, Kyriakidis, Happee, and De Winter (2015) found that people currently using Adaptive Cruise Control (ACC) would be willing to pay more for AVs, while they were also more comfortable about driving without a steering wheel. Sanbonmatsu et al. (2018) pointed to the limited knowledge of the public of fully automated vehicles (i.e., only 32.5% was aware that self-driving vehicles would not be equipped with a steering wheel) and found that as knowledge of fully automated vehicles increased, beliefs about driverless cars were more positive. Anania et al. (2018) revealed that, with the exception of Indian females, receiving positive information resulted in a higher willingness to ride in a driverless vehicle compared to receiving negative or no information. Eden et al. (2017) who investigated the opinions and attitudes around safety and comfort of people both before and after riding on an AV shuttle revealed that the safety concerns of people disappeared after the ride. Hartwich et al. (2019) revealed that the initial system experience significantly increased trust and acceptance of highly-automated driving. In contrast, the study of Dekker (2017) did not find a significant influence of experience with AV-DVs on the preferences for AV-DVs. Note that most of the studies on AVA that we retrieved in the process of the literature review are based on respondents' knowledge (i.e., knowledge respondents gain in the context of the study, through media, other information channels and friends/colleagues) rather than direct physical experience with AVs.
Domain-specific system evaluation: performance and effort expectancy, facilitating conditions, safety, and service and vehicle characteristics
As early as 1985, Endsley (1985a Endsley ( , 1985b discussed the importance of acceptance for the introduction and success of new technologies. Almost 20 years later, Venkatesh et al. (2003) proposed the Unified Theory of Acceptance and Use of Technology (UTAUT), which provides a comprehensive synthesis of research to model technology acceptance and integrates eight influential acceptance models (e.g., Theory of Planned Behavior and Technology Acceptance Model). It postulates that performance expectancy, 3 effort expectancy, social influence and facilitating conditions influence the behavioral intention of an individual to use a technology, while behavioral intention and facilitating conditions determine actual system usage (Venkatesh et al. 2003) . Age, gender and experience moderate the relationship between performance expectancy, effort expectancy, social influence and facilitating conditions and behavioral intention. UTAUT2, which follows from UTAUT1, suggests that an individual's behavioral intention to use information technology is influenced by three additional constructs in addition to the original UTAUT, i.e., hedonic motivation, price value and habit 4 (Venkatesh, Thong, and Xu 2012, 161) . The suitability of the UTAUT1/2 to predict the acceptance of ADS-DVs has been supported by Leicht et al. (2018) , Kaur and Rampersad (2018) , Moták et al. (2017) , Zhang et al. (2019) and Zmud and Sener (2017) who revealed that performance expectancy (or its equivalent 'perceived usefulness') was significantly associated with the intention to use AVs. In , performance expectancy and effort expectancy measuring the component 'shuttle effectiveness' , which pertained to the performance of L4 ADS-DVs in comparison with respondents' existing travel, significantly correlated with the component 'intention to use' , which corresponds with the UTAUT construct 'behavioral intention' . The effect of facilitating conditions (or its equivalent 'perceived behavioral control' 5 , 'helpfulness' , 'technical support' , '(technical) self-efficacy' , 'conceptual compatibility/fit' , 'lifestyle fit' and 'technology confidence') on the intentions to use ADS-DVs was supported in the study of Buckley, Kaye, and Pradhan (2018) Salonen 2018; Nazari et al. 2018; Xu et al. 2018) . Topics around safety and security include equipement and system failure, cyber security or the fear of terrorism and hacking, and system performance in poor weather and terrain and unexpected conditions (e.g., Bansal & Kockelman 2017; Dong et al. 2017; Gurumurthy 2017; Penmetsa et al. 2019; Tussyadiah et al. 2017) . At the moment, there seems to be a divide between the opinions of academics and practitioners and the general public regarding the expected safety benefits of AVs. While academics and practitioners do not seem to expect AVs to be error-free (Kalra and Paddock 2016) , the general public does not seem to be willing to accept fatalities that arise due to automation as exemplified by the public reactions to the accidents with the partly-automated vehicles from Tesla and Uber (Eden et al. 2017) . Xu et al. (2018) found that perceived safety was significantly correlated with the intention to use and willingness to re-ride in AVs, which aligns with Nazari, Noruzoliaee, and Mohammadian (2018) who revealed that safety concerns reduced interest in shared automated vehicles.
In addition to safety, vehicle and service attributes have been considered important determinants of AVA. Site et al. (2011) revealed that on-board comfort (i.e., whether passengers were sitting or standing) was related to the use of automated vehicles. In our interview study , the majority of respondents' quotes captured service quality aspects (e.g., availability, flexibility and convenience), hinting that service quality is an important determinant of AVA. Krueger, Rashidi, and Rose (2016) found that service quality aspects including travel time, waiting time and travel costs were significant determinants of AVA. Consequently, we conclude that physical vehicle and service characteristics are correlated with the intention to use ADS-DVs.
Symbolic-affective aspects of AVA: hedonic motivation and social influence
Social influence and hedonic motivation capture the symbolic-affective aspects of AVA, which have been found to play significant roles in consumer adoption behavior and intentions, such as the use of private motorised cars, electric and automated vehicles (Panagiotopoulos & Dimitrakopoulos 2018; Rezvani et al. 2015; Steg et al. 2001 ). Bansal and Kockelman (2018) corroborated the effect of social influence on the willingness to adopt AVs by showing that some individuals were less likely to rely on the adoption rates of their friends (i.e., disabled, bachelor's degree holders and familiar with car-sharing) than others (i.e., elderly, single and Caucasian ethnicity). Acheampong and Cugurullo (2019) found a positive relationship between subjective norm (equivalent to social influence) and the perceived benefits (equivalent to performance expectancy, see Xu et al., 2018; Zhang et al., 2019) , and ease of use of automated driving technology (equivalent to effort expectancy), and a positive relationship between subjective norm and perceived behavioral control (equivalent to facilitating conditions). Hartwich, Beggiato, and Krems (2018) postulate that affective variables are of growing importance for drivers' vehicle choices, and found a significant effect of enjoyment on automated driving. The role of emotions in AVA was substantiated by Rödel et al. (2014) who found that fun 6 declines with higher levels of vehicle automation, and Kyriakidis, Happee, and De Winter (2015) , who revealed that respondents considered full automation to be the least enjoyable and manual driving the most enjoyable mode of driving. Hohenberger, Sporrle, and Welpe (2016) observed that pleasure was positively correlated with the willingness to use AVs, while anxiety was negatively correlated with the willingness to use AVs. In light of these findings, we conclude that social influence and hedonic motivation are correlated with the intention to use ADS-DVs.
Moral-normative aspects of AVA: risk-benefit perception
In line with Kohl et al. (2018) and Raue et al. (2019) , we argue that the perception of risks and benefits are important factors predicting AVA. Similar to Milakis, Van Arem, and Van Wee (2017) in their ripple effect of automated driving model, the moral-normative perception of risks and benefits in our model represents higher-order implications of AVs on energy consumption, air pollution, economy, public health and social equity. Risks that the public tends to associate with the introduction of AVs typically include legal liability of drivers or owners of an automated vehicle in case of an accident, data privacy (e.g., location and destination tracking), loss of driving skills and pleasure, interacting with manually controlled cars, pedestrians and cyclists, lack of assistance for disabled individuals, affordability, traffic delays, and ethical or social consequences (e.g., loss of human interaction and control in public transport, unemployment among bus and taxi drivers, social isolation, dependence on technology, and an overreliance on AV technology) (Bansal and Kockelman 2018; Bloom et al. 2017; Brinkley et al. 2017 Ward et al. (2017) found that the perception of risks and benefits was significantly correlated with the interest in using an AV, with the level of comfort with automation, and with the desire for highly automated driving features in the next vehicle. Piao et al. (2016) found that the expected benefits of AVs were positively correlated and the expected concerns of AVs were negatively correlated with the attitudes of their respondents. Wu et al. (2019) found that people who value the environmental benefits of AVs and who reported to be concerned about the environment were more likely to value the environmental benefits of AVs and showed a higher willingness to use or buy AVs. On the basis of these considerations, we propose that the perception of risks is negatively correlated and the perception of benefits is positively correlated with the intention to use ADS-DVs.
Micro-level: individual difference factors
The meso-level processes are defined for the entire population. In this section, we discuss individual difference factors explaining variance in behaviour as reported in empirical studies. In line with Ajzen and Fishbein (2005) , Bagozzi and Lee (1999) and Venkatesh, Thong, and Xu (2016) , we propose that these individual difference factors are generic AVA factors that influence the intention to use ADS-DVs by mediating or moderating the relationship between the factors at the meso-level. This is confirmed by Zhang et al. (2019) who found that trust (individual difference factor at micro-level) mediated the correlation between perceived safety, usefulness and attitudes towards using AVs, which influenced the intention to use AVs (factors at meso-level). We also expect independent main effects of the individual difference factors on the factors at the meso-level, including the intention to use AVs. For example, Xu et al. (2018) found significant positive effects of trust on perceived usefulness and ease of use and the intention to use AVs.
Socio-demographics
Concerning the influence of socio-demographic characteristics on AVA, three patterns are currently observable based on the literature. Men tend to be more accepting of AVs than women: They are more aware of automated driving functions, tend to pay more for automation, are more interested in AV ownership, rate AVs as more useful, seem to be less concerned about safety, are less afraid to drive in AVs and trust AVs more, and are more comfortable to allow a fully automated car to perform all driving tasks (Choi and The effect of age is ambiguous. Bansal, Kockelman, and Singh (2016) and Sivak (2014, 2015) reported that younger people were more accepting of AVs than older people. In contrast, Rödel et al. (2014) showed that people aged 36 to 65 had a more positive attitude and a stronger intention to use AVs than people aged 18 to 35. In our study , we found that elderly people were more likely to express an intention to use automated vehicles in public transport and were positive towards the characteristics of the automated vehicle but rated the effectiveness of the vehicle more negatively in comparison with their existing form of travel.
The statistical effects of gender and age on individuals' behavioral intentions to use AVs are usually weak or disappear when considered with other social-psychological variables being held constant. For example, Madigan et al. (2016) who applied the UTAUT model to understand the predictors of the acceptance and use of AVs in La Rochelle (France) and Lausanne (Switzerland) found that age effects disappeared when they were examined as part of a multiple regression where the influences of all variables under study were held constant. The effect of gender also disappeared in the multiple regression of Payre, Cestac, and Delhomme (2014), when contextual acceptability as measured by four ordinal-scale items (e.g., 'If driving was boring to me, I would rather delegate it to the automated driving system instead of doing it myself ') was added to the model in the second step. Kyriakidis, Happee, and De Winter (2015) found neither clear age nor gender effects because the correlations were mostly smaller than 0.10, which corresponds with Regan et al. (2017) whose effect sizes of age and gender were found to be small, and with Webb, Wilson, and Kularatne (2019) who found marginally significant to no significant age effects. These findings also correspond with research unrelated to AVs. For example, Stern (2000) found that socio-demographic variables were unrelated to consumer behavior and policy support when social-psychological variables could simultaneously influence the outcome variable, and with Fernández-Heredia et al. (2016) who found that income and Spanish nationality dropped out of their model when their four latent explanatory variables (i.e., convenience, pro-bike attitude, physical determinants and external restrictions) were included.
Besides age and gender, Liu, Guo, Ren, Wang, and Xu (2019) and Kyriakidis, Happee, and De Winter (2015) observed a positive relationship between income and willingness to pay for vehicle automation. revealed that 'Pioneers' and 'Pro-automated consumers' had the highest incomes, while 'Driverless sceptics' and 'Laggards' had the lowest incomes. Hudson, Orviska, and Hunady (2019) found that peoples' degree of comfort with driverless cars increased with their level of education and prosperity, and decreased with being a manual worker, unemployed, retired or a farmer. Bansal, Kockelman, and Singh (2016) and Nazari, Noruzoliaee, and Mohammadian (2018) further revealed that the number/presence of children in a household were positively related to the willingness to pay for automation and the propensity to carpool with AV for commute trips. Hudson, Orviska, and Hunady (2019) revealed that support for driverless cars was lower for those living in villages and small towns, and higher for city dwellers. This corresponds with Regan et al. (2017) who found that residents in the more densely-populated South Australia were more positive towards the potential benefits of fully-automated cars and more agreeable to using fully automated cars compared to residents in the less densely-populated Northern Territory who had more negative perceptions and were less agreeable.
Personality
Personality-related factors that are considered pivotal for AVA are technology savviness, trust, locus of control and sharing an AV with a stranger.
As regards the effect of technology savviness, Bansal, Kockelman, and Singh (2016) found that technology-savvy individuals were more positive towards AVs, which is in agreement with Lavieri et al. (2017) who found that tech-savvy individuals are likely to be early adopters of AVs, and with Haboucha, Ishaq, and Shiftan (2017) who found that individuals with a higher interest in technology were more likely to choose AVs. Wien (2019) revealed a positive relation between technology interest and the perceived utility and the use of an automated bus.
Trust has been considered a valid foundation for human-machine interaction (Hengstler et al. 2016) , and plays a leading role in determining the willingness of humans to rely on automated systems (Hoff and Bashir 2015) , and accept AVs (Haspiel et al. 2018; Molnar et al. 2018; Wintersberger, Frison, and Riener 2018; Zhang et al. 2018 ). Choi and Ji (2015) observed that individual generic trust levels positively influenced the perceived usefulness of AVs and the intentions to use them, while it reduced any related perceived risks. Zmud and Sener (2017) revealed that lack of trust in the technology was cited by 41% of the respondents as one of the reasons for being unlikely to ride in self-driving vehicles for everyday use. Abraham et al. (2016) found that higher trust in the different entities to build a self-driving car and more comfort with higher levels of automation were associated with the willingness to pay more for a self-driving car. The focus group analysis of Brinkley et al. (2017) , however, identified issues related to risk and trust as the themes that were the least discussed by their focus groups members. We hypothesize that the relevance of trust will be especially strong in the early stages of AVs' deployment, when people still have limited experience with and knowledge of AVs. Hartwich et al. (2019) support this by showing that the acceptance and trust in automation significantly increased after the primary system experience with highly-automated driving vehicles, but remained stable after the initial system exposure. Note that trust has to be calibrated (i.e., individuals' level of trust matches the capabilities of automation) to prevent misuse with overtrust and disuse with distrust in AVs (Hoff and Bashir 2015; Lee and See 2004) . In an on-road study using a Tesla Model S operating in Autopilot mode, drivers showed behaviors of complacency and overtrust (Banks et al. 2018 ). These safety-critical behaviors can negatively impact the acceptance of AVs as inferred by the decrease in the level of trust of the public in AVs after the occurrence of fatal and serious accidents with AVs (Claybrook and Kildare 2018) .
Locus of control captures individuals' assumptions regarding the responsibility for the outcome of events (Rotter and Hochreich 1975; Rudin-Brown and Parker 2004) . Locus of control was one of the main variables in a psychological model of driving automation (Stanton and Young 2000) updated in a later study (Heikoop et al. 2016) . People with an internal locus of control ('Internals') are more likely to rely on their own skills and abilities and maintain a direct involvement with the system regardless of how safe or reliable it is. In contrast, people with an external locus of control ('Externals') are more likely to relinquish control to an external device and rely on it to perform a task (Payre, Cestac, and Delhomme 2014; Rotter 1966; Rudin-Brown and Parker 2004) . There is still a paucity of knowledge regarding the extent to which AVs are accepted by 'Internals' and 'Externals' . We expect that 'Externals' are more likely to surrender control to AVs, while 'Internals' are more inclined to prefer manual controls to intervene in the vehicle's operations rather than surrendering control entirely. So far, studies generally reveal a preference of individuals to maintain some degree of control over the AV rather than relinquishing complete control to the AV. For example, Hassan et al. (2019) found that the large majority of their respondents (81%) preferred to be in control of their vehicle because autonomous technologies cannot be foolproof. In our questionnaire study , we found that the majority of our respondents agreed on being able to take over control from an AV by using a button inside the vehicle, which corresponds with Schoettle and Sivak (2015) , who found that about 96% of the respondents preferred the availability of vehicle controls.
Research has explored the role of the private car in maintaining privacy and personal space and enabling movement amongst people without jeopardizing personal space boundaries (Ibrahim, 2003; Petkewich, 2005) . The automobility frame 'Cocooning and Fortressing' proposed by Sovacool and Axsen (2018) , which has dominated the literature, considers the car as cocoon, fortress or isolated enclave similar to a mobile living room where drivers are isolated from the world and relax, listen to music and engage in other (private) leisure activities. Sharing an AV with a stranger is an important factor for AVA, especially for AVs that are shared rather than personally-owned such as driverless automated shuttles as feeder modes to public transport systems, or AVs that are used as taxi, carsharing or ridesharing vehicles. Cunningham, Ledger, and Regan (2018) found that 'travelling in public transport in which the vehicle is driverless' and 'sharing a driverless vehicle' received the lowest agreement among respondents. In the study of Bansal, Kockelman, and Singh (2016) , 50% of respondents reported to be comfortable in sharing a ride with a stranger for short durations during the day or with a friend of one of their Facebook friends. Sanguinetti, Kurani, and Ferguson (2019) posit that there is still a paucity of knowledge regarding who will be willing to share rides, with whom and under what circumstances. Therefore, we strongly encourage future research to investigate the capability and willingness of individuals to share rides with strangers in AVs and its role for AVA.
While the above considerations provide evidence for the relationships between personality-related factors at the micro-level and factors at the meso-level, we also expect relationships between the factors within the micro-level. Abraham et al. (2016) , for instance, revealed that younger people have higher levels of trust in traditional automakers and the Silicon Valley technology companies than older people. These findings point to possible correlations between socio-demographics (e.g., age) and personality-related factors (e.g., trust), which deserve further investigation.
Travel behavior
The relevance of individuals' travel behavior for AVA has been supported by the literature. For example, with respect to individuals' access to mobility, Bansal, Kockelman, and Singh (2016) found that licensed drivers were less likely to frequently use shared AVs. With respect to individuals' driving experience, Kyriakidis, Happee, and De Winter (2015) revealed that the more people drive, the more they are willing to pay for AVs, while Bansal, Kockelman, and Singh (2016) found that individuals who experienced more accidents are more likely to embrace AVs. With regard to the use of daily modes of transport, Zmud and Sener (2017) found a significant effect of the commuting mode on the intention to use self-driving vehicles with private passenger car drivers seeming to be more reluctant to use AVs than users of other transport modes (i.e., public transport vehicle passengers and walkers or telecommuters). corroborated the influence of travel mode choices on the preferences for AV technology: Early adopters (i.e., users of the ride-sourcing company Uber, or members of households with at least one subscription to a carsharing company) found modes requiring parking and driving (car, free-floating carsharing) the least attractive and prefer demand-responsive modes that allow for the productive use of in-vehicle travel time by task engagement during the ride (taxi, shared AVs). Nielsen and Haustein (2018) revealed that people who are sceptic towards AVs ('Sceptics') are more likely to drive their car just for the fun of it. In contrast, people being indifferent towards AVs ('Indifferents') tend to use the car for travel purposes other than commuting, while people being enthusiastic about AVs ('Enthusiasts') use the car to get to their holiday destination. Additionally, 45% of Sceptics use the car daily compared to 41% of 'Enthusiasts' , and 29% of 'Indifferents' .
Discussion
This study presents a comprehensive multi-level model on AVA, referred to as MAVA. MAVA is based on 124 empirical studies that were retrieved in a systematic literature review. The literature review revealed that 6% of the studies investigated the exposure of individuals to AVs (i.e., knowledge and experience). 22% of the studies investigated domain-specific factors (i.e., performance and effort expectancy, facilitating conditions, safety, and service and vehicle characteristics), 4% symbolic-affective factors (i.e., hedonic motivation and social influence) and 12% moral-normative factors (i.e., perceived benefits and risks). Factors related to a person's socio-demographic profile, travel behaviour and personality were investigated by 28%, 15% and 14% of the studies, respectively. MAVA incorporates a process-oriented view on AVA as a function of factors located at the meso and micro level. The meso-level merges domain-specific, symbolic-affective and moral-normative factors. It is influenced by factors at the micro-level, representing individual difference factors. The model explains acceptance as a sequential, four-stage decision-making process that ranges from the exposure of the public to AVs in Stage 1, the formation of favorable or unfavorable attitudes towards AVs in Stage 2, making the decision to adopt or reject AVs in Stage 3, to the use of AVs in Stage 4.
The model can be operationalised in two ways. First, when the research goal is to understand AVA, the full model could be applied and adapted to the research context. Second, when the research goal is to explain or predict, a more parsimonious and directive (mathematical) model would be more suitable. The meso-level or factors at the meso-level could then be used together with factors at the micro-level to suit the context at hand. Previous studies mostly applied linear regression analyses to investigate the correlations between AVA factors and the acceptance construct itself. MAVA can be implemented as a non-linear multilevel model, capturing the four stages of acceptance in time. It represents a conditional model where actual acceptance will depend on all four stages as well as a probabilistic model with probability functions capturing the relationship between the factors at the micro level and the factors at the meso-level. Multivariate analysis methods such as regression or structural equation modelling can be applied to test and quantify mathematic relations between the factors in the model. Qualitative techniques (e.g., focus groups and interviews) could also be employed to explore the relevance of each factor and adjust the model by new factors that have not been identified yet. Finally, the model indicates the extent to which the factors in our model are causally related. Future studies should, therefore, examine the causal nature of these relationships using longitudinal and experimental studies.
While the strength of the model is its profound grounds in empirical research, the empirical evidence on which MAVA is based should be interpreted with regards to its caveats. That is, while the rapid growth in AVA research has undoubtedly been gratifying, researchers expressed some concerns regarding the current state of the literature. First, Fraedrich and Lenz (2014) pointed out that most of the respondents who participated in the numerous studies lack broad knowledge of or actual experience with AVs, which may pose a threat to the validity of results. Second, Lavieri et al. (2017) stated that the datasets used to investigate people's attitudes towards AVs are mainly based on surveys with a variety of different assumptions and specifications to describe automated vehicle technologies and scenarios. Third, Langdon et al. (2017) argued that despite comparable findings it is not clear yet how the public understands driverless technology and how this technology can form a part of their lives in the short-and middle-run. A second weakness of MAVA is its relatively low parsimony as it contains a large number of factors, which could make it cumbersome at times for researchers to use the model. Potential critics could refer to previous research, which has shown that only a small number of factors are needed to explain most of the variance in the outcome variable and where the explanatory power of these models could only be marginally increased by virtue of additional factors. For example, a 13-factor-model increased the variance in behavioral intention by only 2% over a 5-factor model (Taylor and Todd 1995) . Yet, the 13-factor-model in this case provided a better understanding of the research phenomenon by showing which factors are less influential in predicting the intention to use technology. It can also be argued that in previous AVA studies (Böhm et al. 2017; Madigan et al. 2016; Madigan et al. 2017) , instrumental domain-specific and symbolic-affective factors explained between 19.6% and 58.6% of the variance in individuals' behavioral intentions to use AVs. This implies that a substantial amount of variance has not been captured so far, which again justifies the development of MAVA that contains additional predictors of AVA. A third limitation of MAVA is that for the sake of brevity and a paucity of knowledge, it only concentrates on the micro-and meso-level and refrains from detailing the macro-level as an assembly of higher-level external contextual factors (i.e., environment, organisation and location). The macro-level is a potentially relevant determinant of AVA (Sanbonmatsu et al. 2018) . Future research should also not neglect the role of the factors that were discarded from the analysis of the present study. For example, regarding values, Moták et al. (2017) found that personal values significantly impacted the intentions to use ADS-DVs. The authors concluded: 'Values represent such a major research trend that it would be difficult to neglect them when seeking to apply as broad an approach as possible to automated shuttles' acceptability' (Moták et al. 2017, 271) . Future research should therefore investigate the value basis of beliefs or behavior (Steg and Vlek 2009; Steg et al. 2014) , and explore how self-enhancement and self-transcendence values 7 influence AVA. The fourth limitation is that MAVA does not specify the weight or strength of the AVA factors. However, in line with the propositions of Ajzen and Fishbein (2005) , we would assume that the relative importance of these factors varies as a function of the specific behavior and the population under consideration.
Final conclusions
In conclusion, the present article proposes MAVA, a multi-level model to predict automated vehicle acceptance. Building on UTAUT3 and CTAM, MAVA incorporates a processoriented view and contemplates acceptance as a four-stage decision-making process. The process starts with the exposure of the individual to ADS-DVs in Stage 1, and moves to the formation of either a favorable or unfavorable attitude towards ADS-DVs in Stage 2, to deciding whether to use or reject ADS-DVs, or remain undecided in Stage 3, and to putting ADS-DVs into use in Stage 4. Twenty eight acceptance factors that were identified in the literature review are located at two levels, i.e., micro and meso. The factors at the meso-level represent the procedural view on acceptance with the exposure of individuals to AVs in terms of their experience with and knowledge about AVs preceding the domain-specific factors performance and effort expectancy, facilitating conditions, safety and service and vehicle characteristics, the symbolic-affective factors hedonic motivation and social influence and the moral-normative factors perceived risks and perceived benefits. The individual difference factors socio-demographics, travel behavior and personality at the micro-level influence the factors at the meso-level. We expect our model to provide useful insights to policy makers and other actors involved in the deployment of ADS-DVs. We recommend future research to revisit the model for empirical verification and adaptation and further explore the nature of these factors as well as the relationships between the factors using longitudinal or experimental studies. Notes 1. Belief that using a system will affect his or her well-being. 2. The macro-level represents higher-level contextual factors in a person's external environment such as environmental, organizational and location factors (Venkateshet et al. 2016) . Environmental factors may encompass the legal (e.g., availability of public policies to support the implementation of AVs), economic (e.g., GDP per capita), meteorological (e.g., time of day, week, year), ecologic (e.g., high levels of nitrogen dioxide in cities), social (e.g., urbanization), and political environment (e.g., political support for AVs). Organizational factors may encompass specific organizational contexts in which AVs are embedded (e.g., rules and policies of public transport organizations as operators of shared automated vehicles). Location attributes may capture the physical infrastructure (e.g., availability of parking places or charging stations for automated vehicles) (Grotenhuis, Wiegmans, & Rietveld, 2007; Stern, 2000) . 3. Performance expectancy is the degree to which using a technology will provide benefits to users in performing certain activities; Effort expectancy is the degree of ease associated with the use of technology; Social influence describes the extent to which users perceive that important others believe they should use a particular technology; Facilitating conditions refer to users' perceptions of the objective resources and support available in the environment to perform a behaviour. 4. Hedonic motivation (fun or pleasure derived from using a technology), price value (i.e., monetary cost of technology use) and habit (i.e., extent to which an individual believes the behavior to be automatic). 5. Perceived behavioral control reflects perceptions about internal and external constraints to perform a behavior and encompasses self-efficacy; Helpfulness reflects perceptions about the provision of adequate and responsive aid; (Technical) self-efficacy reflects perceptions about having the ability and competence to use the technology (Venkatesh et al., 2003) . Conceptual compatibility/fit captures beliefs that AVs will work in ways that make sense to the individual user. Lifestyle fit reflect user beliefs that using AVs will fit into the lifestyle of the individual user. Technology confidence is the degree of confidence in the ability to learn and use new technologies . 6. Fun is the extent to which the activity of using a specific system is perceived to be enjoyable (Rödel et al., 2014) . 7. Self-enhancement values reflect a key concern with one's own individual interests, while self-transcendence values reflect a key concern with the collective interest (Steg et al., 2014) .
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